ABSTRACT Conventional order tracking, which relies on a reference signal, is a common tool for rotary machinery fault diagnosis under speed fluctuation working conditions. However, it is inconvenient to install a speed sensor under certain circumstances. In this paper, we present a two-stage method to detect variable speed rolling bearing faults without a tachometer. In the first stage, the spline-kernelled chirplet transform (SCT) is applied to calculate the time-frequency distribution and extract the instantaneous rotation frequency. In the second stage, angle synchronous averaging is employed to resample the raw signal and detect fault features. The comparison investigations between SCT and other time-frequency analysis methods are performed by a numerical signal with a nonlinear instantaneous frequency. The experimental studies of variable speed rolling bearings with the outer and inner race faults are further performed. The results demonstrate that the proposed method can well detect rolling bearing faults without a key-phase signal from strong background noise under varying speed conditions. INDEX TERMS General parameterized time-frequency analysis methods, spline-kernelled chirplet transform, angle synchronous averaging, variable speed, bearing fault detection.
I. INTRODUCTION
With the development of industry, modern machinery and equipment are more and more complex and precise. The vibration signals of machinery and equipment contain abundant message that highly correlates with dynamic. Signal processing is widely applied for condition monitoring and fault diagnosis [1] . Cui et al. [2] proposed a novel method for quantitative and localization diagnosis of a bearing outer race defect. Gao et al. [3] developed a hybrid method of Walsh transform and Teager energy operator demodulation to detect axial piston pumps faults. Xiang et al. [4] proposed a novel approach using probabilistic principal component analysis and spectral kurtosis to diagnose rolling element bearing faults. Weak fault feature is difficult to be captured form the original signal under strong noise background. Hence, a great deal of fault detection methods are developed, such as wavelet-based methods [5] - [7] , empirical mode
The associate editor coordinating the review of this manuscript and approving it for publication was Youqing Wang. decomposition (EMD) [8] - [10] , variational mode decomposition (VMD) [11] - [13] , blind source separation [14] - [15] , matching pursuit based methods [16] - [18] , deep learning based methods [19] - [21] . However, these methods are unavailable for time-varying rotation speed operations.
In virtue of acceleration, deceleration and load fluctuation, the rotary machine often operates in variable speed conditions [22] . The response signal is manifested nonstationary with speed varying. The fault characteristic frequency changing with the speed makes difficulties to fault diagnosis. The order tracking is a powerful technique for fault detection from nonstationary signals which can remove the influence of speed and the smearing of the spectrum. These years, the computed order tracking (COT) based on interpolation theory is the most popular method for variable speed fault diagnosis. Cheng et al. [23] combined computed order tracking with a new demodulation technique called local mean decomposition for gearbox failure detection at various speed conditions. Wang et al. [24] proposed a hybrid method based on COT and VMD-based time frequency distribution (TFD) to diagnose rolling bearing fault under variable speed conditions. Aiming at weak feature extraction for rolling bearing diagnosis, Yang et al. [25] developed a method which is a combination of the COT and the constrained independent component analysis (cICA). Incipient faults can be detected through the robust method at various shaft speed conditions.
COT relies on a key-phase signal collected by tachometer sensor. However, speed tracking sensors can not be installed because of cost or design reasons sometimes. Therefore, time frequency analysis method for instantaneous rotation frequency (IRF) extraction is advancing rapidly. Urbanek et al. [26] proposed a two-stage method based on principles of phase demodulation and joint time-frequency analysis for estimating the machine rotational speed and fault diagnosis. Zhao et al. [27] introduced a tacholess envelope order analysis method to extract the speed curve from the vibration signal itself which extend the traditional diagnostic methods to speed variation cases. A joint time varying amplitude and frequency demodulated spectra based on spectral kurtosis and the concentration of frequency and time (ConceFT) method for varying fault characteristic frequency extraction is developed by Feng et al. [28] Liu et al. [29] proposed a new time-frequency representation method based concentration of frequency and time algorithm to diagnose bearing fault under nonstationary conditions. Wang et al. [30] developed fault characteristic order (FCO) analysis combined with short time Fourier transform to diagnosis rolling bearing fault in the fault phase angle domain.
Because of the strong nonstationary property of the vibration signal with heavy noise, the IRF can hardly be extract accurately. A powerful time-frequency analysis method with excellent time-frequency readability and noise robustness is a key to solve this problem. A number of time-frequency analysis methods have been proposed and widely used, such as short time Fourier transform (STFT) [31] , wavelet transform (WT) [32] , and Wigner-Ville distribution (WVD) [33] . STFT is a linear transform which relies on traditional Fourier transform. It is incapable to extract time-varying IF really accurate due to the stationary window width. With an adjustable window length, WT is similar to STFT, suffers from Heisenberg uncertainty principle. WVD is a bilinear time-frequency analysis method that can provide better energy concentration, but suffers from cross term interferences.
To avoid the shortcomings of conventional time-frequency analysis methods, Peng et al. [34] and Yang et al. [35] - [38] proposed a series of parameterized time-frequency transform methods (PTFT). Spline-kernelled chirplet transform (SCT) is one of the PTFTs which is introduced a rotate operator and a shift operator constructed with spline kernel function. In this paper, we developed a two-stage approach using SCT and angle synchronous averaging (ASA) to extract the fault characteristic order (FCO) for rolling bearing fault detection under variable speed conditions. With the high time-frequency resolution of SCT, non-linear instantaneous frequency (IF) of the rotational speed can be estimated accurately. By using ASA [39] , appropriate sampling frequency is chosen depending on the estimated time-varying speed to resample the raw signal. Then, synchronous averaging is employed to eliminate the noise and irrelevant periodic impacts in the angular domain. Finally, the fault feature can be found in the order spectrum.
The rest of this paper is structured as follows: a representation of the theoretical backgrounds is given in Section II. This section is divided into two parts. The first part we give a brief review of the spline-kernelled chirplet transform and the second part we give a review of the angle synchronous averaging. Section III. displays the proposed two-stage fault detection method. In Section IV, the high quality of SCT is confirmed by numerical simulation investigations. The experimental investigations of bearings are performed in Section V. Finally, the conclusions are drawn in Section VI.
II. THEORETICAL BACKGROUND A. A BRIEF REVIEW OF THE SPLINE-KERNELLED CHIRPLET TRANSFORM
Chirplet transform (CT) is one kind of parameterized timefrequency analysis methods and suitable for linear signal analysis [40] . With a chip kernel generated by a chirping rate parameter, CT can be defined as: where τ is time, α is the chirping rate, σ is the time bandwidth of Gaussian window, s (t) ∈ L 2 (R) is a frequency-modulated signal and z (t) = s (t) + jH [s (t)] is the analytical signal of s (t) calculated by a Hilbert transform. ω σ (t) is a Gaussian window function:
According to Eq. (1), the CT of signal s (t) can be regarded as the STFT of its analytical signal z (t) multiplied by the window ψ (t, α). Thus, the CT can be written as:
where
A (τ, α) is a complex value with |A (τ, α)| = 1, it is the modulus of the TFD in time frequency analysis. The CT can VOLUME 7, 2019 be simplified as:
where R (t, α) is frequency rotating operator, S (t, τ, α) is frequency shifting operator. Due to the linear kernel, CT is impossible to match the nonlinear IF of nonstationary signal accurately. To overcome the weakness, spline-kernelled CT (SCT), is proposed based on the conventional CT [35] , [37] . By replacing the chirp kernel in the CT with a spline kernel, the SCT can be defined as:
where τ ∈ (t i , t i+1 ). where R (t, Q) is the frequency rotating operator, S (t, τ, Q) is the frequency shifting operator; Q (i, k) = q i k is the local polynomial coefficient of the spline kernel; γ i is demanded to satisfy
with γ 1 = 0. Therefore, the process of SCT can be summarized in three sequential operations:
(1) z (t) is rotated by the frequency rotating operator R (t, Q) in time-frequency plane; (2) shift the rotated signal by the frequency shifting operator S (t, τ, Q) in time-frequency plane; (3) the altering signal is managed by STFT with window function ω σ .
The appropriate determined parameters is bound up with the concentration of TFD and the accuracy of IF estimation. Hence it is crucial to evaluate the suited parameter of spline kernel for the SCT to approximate the IF. An iterative procedure based on the TFD to estimate the parameters from the analytical signal can be simple description as: Firstly, setting initial parameter matrix q (i, k) = q i k = 0, calculate the TFD by SCT. In time-frequency plane, the energy is mainly distributed around the IF, so rough IF (t) can be estimated by detecting the energy peak.
Secondly, select a spline function depending on˜ (t), meanwhile the frequency rotating operator and frequency shifting operator can be structured for the SCT. Then, with the estimated parameters, an intensive TFD with higher energy concentration is produced by the SCT. The iterative procedure satisfied the termination condition:
where δ denotes the predetermined threshold, the subscript denotes the index of the iteration.
B. A BRIEF REVIEW OF THE ANGLE SYNCHRONOUS AVERAGING
Vibration signal measured from a rotary machine can be modeled as a group of time periodic and non-periodic signal.
To advance the signal-to-noise ratio (SNR) and highlight the fault features, time synchronous averaging (TSA) is used to de-noise and eliminate the irrelevant periodic impulses. However, TSA is applicable for constant or nearly constant rotation speed cases. ASA takes advantage of interpolation and TSA is proposed for varying speed operations [39] . In the angular resample algorithm, the key issue is choosing appropriate sampling frequency in accordance with the rotation speed. The points of the resampled signal spread in same angle interval. The IRF is calculated by SCT for a discrete data expressed as IRF 1 , IRF 2 , . . . , IRF n . Divide the original vibration signal x (t) into n segments that link to IRF denoted by x 1 , x 2 , . . . , x n . The length of each segment equals to the reciprocal of the decimated times (the decimation will be explained in Section III.A.) We take the segment with the minimal IRF as a baseline unit and set its original sampling frequency f s as the baseline sampling frequency f s,base . Set baseline IRF as:
Therefore, we can reset the new sampling frequency for other segments depending on the proportions of their IRFs to the VOLUME 7, 2019 baseline IRF.
where f sk is the resampling frequency of k th segment, IRF k is the IRF of k th segment. Based on f sk , the resampling process is accomplished for each segment besides the baseline unit.
At last, the combination of all resampled segments is the resampled vibration signal with angle-even increments. The resampled signal can be expressed as three parts:
where X (θ ) denotes the synchronous coherent signal, Ns (θ ) denotes the non-synchronous coherent signal, R (θ ) denotes non-coherent random data signal. The ASA is used to divide x (θ ) into N seg segments and average the overlap signal to eliminate non-synchronous component Ns (θ ) and R (θ ),
where N is the number of revolutions in x (θ ), L is the number of revolutions in the segments, N seg = floor (N /L) denotes the averaging times. The length of the segment signals is corresponding to the interval of fault induced impacts. The procedures of ASA can be summarized as:
(1) Resample the time domain vibration signal x (t) into angular domain signal x (θ );
(2) Truncate x (θ) to the maximal integer which is exact divisible by FCO × L × M where F is the fault characteristic order, M is the number of points during one shaft revolution. Therefore, the samples of the truncated 
III. THE TWO-STAGE METHOD USING SCT AND ASA
As mentioned in Section II., SCT has the capability to produce high quality TFD and estimate IF accurately with a spline kernelled function. ASA is superior in the ability to depress noise and remove irrelevant periodic components. Therefore, the combination of these two methods might be a robust approach. The flow chart of the developed two-stage fault diagnosis approach is shown in Fig.1 . The vibration signals of bearings are collected on the machinery fault simulator test rig. In this paper, SCT is applied to estimation the IRF of rolling bearing firstly. Secondly, ASA is employed to feature extraction and fault diagnosis. The details about the two stages are given in Sections III.A. and III.B.
A. ESTIMATE ROTATION FREQUENCY USING SPLINE-KERNELLED CHIRPLET TRANSFORM
(1) Collect the vibration signals of bearings.
The vibration signals of bearings are collected by accelerometers. (2) Decimate the vibration signal at a lower rate.
Original vibration signal includes too much information to obtain the speed component. Thus, decimation is introduced to decimate the signal at a lower sampling frequency and highlight the IRF. In data acquisition experiment, the range of rotation frequency is between 0Hz and 40Hz. Therefore, we set the lower sampling frequency to 200Hz which is conforming to the Nyquist-Shannon sampling theorem. (3) Eliminate the IRF harmonics.
The decimated signal contains the IRF and IRF harmonics. The harmonics interfere the estimation accuracy of IRF, thus a bandpass filter is applied to eliminate them. The central frequency and bandwidth of the bandpass filter are selected according to the rotation frequency which is different in each investigation. (4) Calculate the TFD of the filtered signal.
The high quality time-frequency analysis method SCT is applied to calculate the TFD of the filtered signal. Generally, the raw signal can be modeled as a combination of synchronous and non-synchronous signal with the fault. Angle synchronous averaging is applied to remove the non-synchronous components. (3) Calculate order spectrum and detect fault type. Calculate the order spectrum of the synchronous averaged signal. If fault characteristics order can be found in the spectrum, the fault type of rolling bearing is detected.
IV. NUMERICAL SIMULATION
In this section, we use a non-linear frequency modulated signal (NLFM) to demonstrate the advantage of SCT. The NLFM signal with piecewise IF denoted as follows:
The simulated signal with 200Hz sampling frequency is added a Gaussian noise with a zero mean and a standard deviation of 0.7. The TFD of the signal calculated by SCT is compared with the ones calculated by STFT, WT, and PCT. The TFD generated by STFT and the TFD peak data are shown in Figs.2 (a) and (b) , respectively. The piecewise line reveals that STFT can not produce a good resolution TFD and fails to estimate time-varying IF accurately. In Fig.3 (a) , it can be seen that the TFD produced by the WT leakages the energy at the low-frequency region, and it makes inaccurate IF estimation illustrated in Fig.3 (b) . As shown in Fig.4 (a) , the TFD generated by the PCT concentrates the energy better around the IF, but scatters the energy at the abrupt change frequency. The shortcoming of PCT leads to an inaccurate estimated IF as shown in Fig.4 (b) . Furthermore, in Fig. 5(a) , it is evident that the SCT generates the TFD with an excellent energy concentration, based on which the IF can be estimated accurately as shown in Fig.5 (b) . The comparison investigations verify that both the TFD and the estimated IF using SCT are better.
V. EXPERIMENTAL VERIFICATION
In this section, experimental vibration signals of rolling bearing outer and inner race fault under varying speed conditions are used to verify the effectiveness of the two-stage diagnostic method. Fig.6 (a) displays the machinery fault simulator test rig, which consists of AC motor, tachometer, accelerometer, bearings and so on. The test rig is driven by the AC motor. The fault rolling bearing is installed close to the motor; the tachometer is mounted on the driving end of the motor while accelerometers are mounted on the top of bearings. The sampling frequency is 25600Hz. The range of rotation frequency is between 0Hz and 40Hz. The type of ER-12K rolling bearings are employed in the test. The bearing pitch diameter D = 33.4772mm, the number of rolling element is Z = 8 and the rolling element diameter d = 7.9375mm.
FIGURE 11.
Outer race fault case: (a) the vibration signal with white noise, (b) the envelope spectrum, (c) the resampled signal, (d) the order spectrum of the resampled signal, (e) the averaged signal at outer race interval, (f) the order spectrum of the outer race interval averaged signal, (g) the averaged signal at inner race fault interval, (h) the order spectrum of the inner race fault interval averaged signal. VOLUME 7, 2019 FIGURE 12. The raw signal and the TFR: (a) the raw signal, (b) the envelop spectrum, (c) the TFR of the decimated signal by SCT, (d) the TFD calculated by STFT, (e) the IRF trajectory of TFD by STFT. Fig.6 (b) and (c) display the initial failure in outer race and inner race, respectively. The tiny pitting defection is processed by electro-discharge machining. According to the theoretical outer race and inner race fault characteristic frequency equations:
where f r stands for shaft frequency. The parameters of the rolling bearing are substituted in Eq. (15) and fault characteristic frequency can be obtained:
Consequently, the FCO of outer race and inner race are 3.05 and 4.95, respectively. 
A. OUTER RACE FAULT DETECTION
A rolling bearing with defect was measured under variable speed. There are 327680 samples are collected and we choose 160000 points as the raw signal. It is shown in Fig.7 (a) and the envelope spectrum is shown in Figs.7 (b) . In the spectrum, fault features cannot be detected because of speed fluctuation and heavy noise. For feature extraction, the raw signal is decimated at 1/128 times of its sampling frequency. Calculate the TFR of the decimated signal by using SCT as shown in Fig.7 (c) , in which the IRF is interfered by the harmonics. Therefore, a bandpass filter is applied to remove the shaft frequency harmonics. According to Fig.7 (c) , the shaft frequency is f r ∈ (20, 40). To contain the range of shaft frequency, the central frequency of the bandpass filter can be set to 28 Hz with a 28 Hz bandwidth.
STFT is applied to calculate the TFD of the filtered low sampling frequency signal and estimate the IRF as shown in Figs.7 (d) and (e), respectively. The low quality TFD and the inaccurate IRF verify that STFT is unavailable for fault diagnosis. Figs.8 (a) and (b) shows the TFD of the filtered low sampling frequency signal and the IRF calculated by WT, the smeared TFD and IRF show that WT is unsuitable for fault diagnosis. The TFD of the filtered low sampling frequency signal and IRF calculated by PCT are shown in Figs. 9(a) and (b) , respectively. Form the charts, we find that PCT can provide a better concentration TFD but it can not estimate sudden change frequency precisely. At last, SCT is applied to produce high quality TFD of the filtered low sampling frequency signal in Fig. 10(a) and extract exact IRF for fault diagnosis as shown in Fig. 10(b) .
Outer race fault is easy to be detected. In order to validate the superb feature extraction ability of ASA, white noise with zero mean and variable standard deviation depending on the IRF is added in the raw signal artificially. The raw signal and the corresponding envelop spectrum are shown in Figs. 11(a) and (b) , respectively. Depending on the IRF estimated by SCT, the nonstationary raw signal is resampled to a stationary one as shown in Fig. 11 (c) and its order spectrum is shown in Fig. 11(d) . In the resampled signal, the VOLUME 7, 2019 number of points per revolution is 1063. By the influence of the strong noise, we still can not ascertain the fault type.
In order to detect the fault features, ASA is employed to denoise and remove the non-synchronous periodic impact. Set the number of revolutions in the segments L = 13. While the outer race FCO is input to the ASA, the resampled signal is averaged at interval corresponding to outer race fault. The resampled signal averaged for 5 times is shown in Fig.11 (e) Distinct peaks are exposed in the order spectrum of the synchronous averaged signal as shown in Fig.11 (f) . We obtain 1 × FCO = 3.073, 2 × FCO = 6.146 which match to the outer race FCO. While the inner race FCO is input to the ASA, the resampled signal is averaged for 3 times at interval corresponding to inner race fault is shown in Fig.11 (g) . Fig.11 (h) displays the order spectrum of the synchronous averaged signal with inner race fault interval. There is no evidence to detect the fault feature. In conclusion, the rolling bearing can be diagnosed as outer race fault. The experimentation demonstrates that the proposed two-stage method is effective to detect the outer race fault under variable speed cases.
B. INNERR RACE FAULT DETECTION
In this case, a rolling bearing with unknown fault was tested with 25.6 KHzsampling frequency and 327680 samples are collected. We choose 155000 samples as the raw signal shown in Fig. 12(a) and its envelope spectrum is shown in Fig. 12(b) . Fault type of the rolling bearing cannot be detected from the spectrum owing to the variable speed. For fault diagnosis, decimation is introduced to decimate the raw signal at 1/128 times of the sampling frequency. SCT is applied to calculate the TFD of the decimated signal as shown in Fig. 12(c) . Due to the influence of the harmonics, the IFR can not be extract. Therefore, the processed signal is filtered by a bandpass filter to eliminate the shaft frequency harmonics. In order to contain the range of the rotation frequency f r ∈ (20, 40) which can be identified form Fig.12 (c) , the central frequency of the bandpass filter is set to 28Hz with a bandwidth of 30Hz.
Figs.12 (d) and (e) display the TFD of the filtered signal and IRF calculated by STFT, respectively. Figs.13 (a) and (b) display the TFD of the filtered signal and IRF produced by WT, respectively. Figs.14 (a) and (b) display the TFD of the filtered signal and IRF generated by PCT, respectively. For these smeared TFDs and inaccurate IRFs, STFT, WT and PCT are unsuitable to estimate strong time-varying IRF. The TFD of the filtered signal and the IRF calculated by SCT are shown in Figs.15 (a) and (b) respectively, we can find that SCT produces the best TFD and extract the IRF accurately.
To demonstrate the efficiency of ASA, white noise with zero mean and variable standard deviation depending on the IRF is manually added to the raw signal as shown in Fig.16 (a) . The associated envelop spectrum is shown in Fig.16 (b) . According to the IRF estimated by SCT, the non-constant time interval raw signal is resampled to a constant angle interval signal with 1024 points per revolution as shown in Fig.16 (c) . The order spectrum which only represents obvious shaft orders is shown in Fig.16 (d) .
In order to diagnose the bearing fault, ASA is applied to depress noise and eliminate the non-synchronous periodic impact. The number of revolutions in the segments L is set to 9. While the resampled signal is averaged at interval corresponding to outer race FCO, it can be averaged for 7 times as shown in Fig.16 (e) . Fig.16 (f) displays the order spectrum of the synchronous averaged signal with outer race fault interval. There is no useful information to detect the fault in the spectrum. While the resampled signal is averaged at interval corresponding to inner race FCO, it can be averaged for 4 times as shown in Fig.16 (g) . Distinct peaks are exposed in the order spectrum of the synchronous averaged signal with inner race fault interval as shown in Fig.16 (h) . We obtain 1 × FCO = 4.979, 2 × FCO = 9.959, 3 × FCO = 14.94 which match to inner race FCO. Therefore, the rolling bearing fault can be identified as inner race fault. The experiment verifies that the proposed method is effective to detect the inner race fault under variable speed case.
FIGURE 16.
Inner race fault case: (a) the vibration signal with white noise, (b) the envelope spectrum, (c) the resampled signal, (d) the order spectrum of the resampled signal, (e) the averaged signal at outer race interval, (f) the order spectrum of the outer race interval averaged signal, (g) the averaged signal at inner race fault interval, (h) the order spectrum of the inner race fault interval averaged signal.
VI. CONCLUSION
This paper proposed a two-stage method by using splinekernelled chirplet transform and angle synchronous averaging to detect rolling bearing faults under variable speed conditions. Sometimes, it is unhandy to install the tachometer or encoder in the tested equipment because of cost or design reasons. In order to obtain the reference signal, SCT is employed to estimate the accurate time varying speed. To reduce the interference of non-synchronous periodic components and noise, ASA is introduced to feature extraction. In the ASA, the nonstationary raw signal is transformed into angular domain, firstly. Then, the angle-domain signal is synchronously averaged to remove unwanted components. At last, calculate the order spectrum of the averaged signal to extract the fault characteristic. The efficiency of the SCT for extracting time-varying IF was verified by a simulation signal. The results validate that SCT is better than PCT, WT and STFT to analyze nonstationary signals with sudden change IF. Experimental investigations are further performed to demonstrate that the proposed method is good at detecting bearing faults in varying speed conditions.
